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Introduction
The linkage of survey data to administrative sources ("record linkage") facilitates access to reliable data relating to near complete employment biographies or extensive medical records. This in turn enables survey institutes to reduce the length of interviews and to gain access to large quantities of information which are generally relatively free of measurement errors. It is for these reasons that record linkage has become an increasingly popular tool in research and in medical research (e.g. Künn, 2015) .
Data privacy laws in many countries require that polling institutes obtain prior consent to link survey data to administrative sources or to medical records. Such datasets span almost entire employment biographies, providing detailed information about periods of unemployment. Similar considerations apply to medical records, which often contain sensitive personal information. Whilst individuals who prefer to maintain their privacy may indeed be willing to participate in a survey interview, they may be reluctant to share such sensitive information with other parties. It is often the case that this reluctance is non-negligible; consent rates have been found to be as low as 40% (Bates, 2005) . Final datasets in which survey data is linked to official records will not include information about respondents who do not consent to record linkage. Non-consent can therefore be viewed as a new form of non-response.
Several studies documented in the medical literature, as well as a number of studies carried out in the field of social sciences, have investigated linkage consent. These studies have so far indicated little consistency in terms of predictors of linkage consent. Whilst a number of standard socio-demographic characteristics such as respondents' age or sex have been shown to have a statistically significant positive correlation with linkage consent in one study, the same predictors have been shown to have a statistically significant negative association in other studies (see Section 2). Furthermore, there is growing evidence that the transferability of results from the medical literature to social sciences, and vice versa, is limited (Jenkins et al., 2006) .
This study seeks to shed light on the possible reasons for inconsistent findings on predictors of linkage consent, as documented in the literature. To this end, we compare two very similarly structured datasets from the same country. In the two datasets, both of which were collected in surveys conducted by the same polling institute, workers in different establishments were asked questions about work-related aspects relevant for social science research. We first use the same set of controls for both datasets, thereby confirming that the two studies are broadly comparable. Secondly, we add further variables to the datasets to see whether varying the set of controls gives rise to inconsistent results. These additional variables are not necessarily available in both datasets and include psychological attributes as well as job and firm characteristics. In a subsequent step, we make use of the matched employer-employee structure of the available data to investigate whether the individual consent decision is driven by the work environment.
Finally, we hope to answer the question of whether similar results would have been obtained if the analysis had not been restricted to the sample of respondents who provided linkage consent. Suppose our target population consists of all survey participants regardless of their linkage consent decision. Our sample consists of respondents from whom linkage consent was obtained. Applied researchers are mostly concerned whether one can use the sample at hand to derive consistent estimators for statistics of the target population without strong assumptions (see, for example, Solon et al., 2015) . This is the case if the association between linkage consent decision and the outcome of interest depends only on observable characteristics. In this case, it is possible to derive consistent population statistics from the sample by adding these observable characteristics to the regression or by weighting. In contrast, if unobserved heterogeneity is correlated with linkage consent (and the outcome) it is necessary to make stronger assumptions.
We investigate this question by testing whether results for two economic models would have been different if data on individuals who refused to provide linkage consent had in fact been available. The first model is a replication of our own earlier research on participation in jobrelated training. In the original study, we excluded information on survey participants who did not provide linkage consent. In this study we replicate our original results using the survey data only. We investigate whether we would have drawn different conclusions if we had included survey participants who did not provide linkage consent (the non-consent sample). In the second model, we estimate an augmented Mincer-regression, a "cornerstone of empirical economics" (Heckman et al., 2003) , to see whether different samples give different findings on wage returns to human capital investments.
In general, our findings regarding the role of (denied) linkage consent for applied research are rather promising. It is clear that linkage consent is not independent of many individual characteristics. In particular, younger and white-collar workers (in Germany) are more reluctant to share their administrative data. The decision to provide linkage consent is closely related to respondents' willingness to participate in future interviews or to select non-response when they are asked to report their income. This does not, however, seem to translate into a large bias in economic models in our two applications. Looking at the non-consent sample provides us with more or less similar results. Furthermore, while there is some form of establishment heterogeneity in terms of employees' tendency to consent to data linkage, this can mostly be explained by observable differences between workforces. The location of a firm for example, seems to be a determining factor for linkage consent. The workforces of establishments located in East Germany for example, exhibit much higher consent rates than the workforces of similar establishments in West Germany. Workforces consisting of higher numbers of white-collar workers, however, tend to have lower consent rates.
The structure of the paper is the following. In the next section we present the literature concerning linkage consent. In Section 3 we introduce the research questions to be answered in this study. Section 4 describes the two datasets used here. Results are presented in Section 5 to 6 before we finally conclude.
2 Literature Antoni (2011) , and Sakshaug and Kreuter (2012) review the literature on linkage consent bias and show that relevant predictors vary considerably between studies. Their reviews include studies which found significant positive, as well as significant negative associations between linkage consent and characteristics such as age, level of education, sex and income. We give a non-exhaustive summary of recent studies in Table 1 .
The exact reasons for these inconsistent results regarding predictors of linkage consent remain largely unknown. Inconsistencies may be due to differences in the record domain, the design of surveys, the way in which consent questions are worded, differences between the populations surveyed or variations in the analyses of linkage consent patterns. Jenkins et al. (2006) , for example, have looked at multiple consent questions (administrative as well as employer's records) using a special follow-up wave of the British Household Panel Survey (BHPS). 1 They have thereby shown that predictors of linkage consent differ widely between different consent requests (or record domains). The authors find that only one variable, the household context, is associated with linkage consent in both record domains. Due to the (additional) issues arising from comparing linkage consent across record domains, this study focuses on the literature in the field of social sciences. For a review of the literature on consent decisions in the medical field, we refer to Kho et al. (2009). 2 A number of studies have investigated the total effects of non-consent and non-response on the representativeness of final survey data. Sakshaug and Kreuter (2012) analyze the IAB PASSdata and show that imbalances between the survey and the population seem to be small both in absolute terms and relative to classical non-response and measurement error. Measurement error in survey data is an issue which can often be mitigated by imputing data such as income from official records. The authors therefore consider the process of merging survey data with administrative records to be more reliable than directly asking respondents to provide similar information themselves. Warnke (2015) provides an overview of non-response and non-consent patterns in the IAB WeLL-data (see Section 4). Using social security information, he assesses the total bias due to non-response and non-consent by comparing final survey participants willing to share their data, with the general workforce at 150 establishments. The results show that over a period of ten years survey participants have moderately higher wage growth than the average of the workforce of those establishments. However, this does not bias the estimation of 'returns to education' (the wage premiums that more highly educated individuals receive). Sakshaug and Huber (2015) have independently compared non-response and linkage consent bias across different waves of the WeLL data. Bias is here defined as differences between survey participants and the population as a whole (also taking into account the consent decision) with respect to sex, whether participants are over 55, non-German citizenship, a low level of education, employment status and whether participants are working for a low wage. The authors find a modest non-response bias for two variables -a low wage and a low level of education. Of greater concern are increasing trends in a non-response bias over time. When comparing different forms of non-response bias, the authors find that bias due to linkage consent is small compared to classic non-response and measurement error bias. They also find that linkage consent bias decreases over time.
This is the first study to compare associations with linkage consent across two samples. We investigate whether systematic differences remain when two similar datasets, which are as broadly comparable as possible, are analyzed. We thereby try to shed new light on the reasons for the inconsistencies regarding predictors of linkage consent.
Finally, we go beyond comparing a sample of respondents who did provide linkage consent with a non-consent sample (or the population) with regard to observable characteristics such as age or level of education. Applied researchers are generally more concerned with non-ignorable nonconsent. This is because regression models (or matching approaches) give representative results if a sample differs from the population only with respect to variables which are observable to the researcher. 3 To examine the role of non-ignorable non-consent, we replicate an existing study for the sample of individuals who did not provide linkage consent.
Research Questions
We begin by investigating predictors of linkage consent and compare our results to those in the literature. We will contrast predictors of linkage consent across two comparable surveys (see Section 4) to determine if and to what extent there are diverging results between two comparable German datasets. The interviews conducted to collect the data contained in these datasets were carried out by the same polling institute. Both datasets concern similar populations and have a comparable structure. Participants in the surveys were asked to provide consent for linkage of their survey data to the same administrative records in an almost identical manner. Furthermore, to make the analyses of consent patterns as comparable as possible, we start by using the same set of controls. We therefore expect similar results between both datasets.
Research Question 1 Which control variables predict linkage consent? Are there any differences between the two surveys?
As shown in Section 2, the literature has found little consistency with respect to predictors of linkage consent (see also . Linkage consent patterns differ between studies for several important socio-demographic variables, such as age, level of education, income or sex. In Research Question 2, we want to investigate possible reasons for the inconsistent results found so far.
We are particularly interested in whether the choice of control variables matters. Standard, comparable socio-demographic variables are available for both datasets. However, further predictors for linkage consent, as discussed in the literature, are often not available for both datasets. Amongst other characteristics, these variables include personality traits or job attributes of the respondents. In this research question, we will therefore investigate whether including an extended set of further controls results in different conclusions being drawn with regard to standard variables. This may be one reason for the inconsistencies which have been found and discussed in the literature (see Section 2). We are particularly interested in what economists call noncognitive skills such as risk aversion, or personality traits which differ between groups of a different age and education level. The inclusion or omission of these variables could therefore shed new light on predictors of linkage consent.
Research Question 2 What reasons are there for the diverging results regarding predictors of linkage consent found in the existing literature? Does the choice of control variables matter?
In a third question, we investigate whether response rates depend on the work environment (the firm a worker is employed by). Social sciences use increasingly linked employer-employee data in the context of inequality, globalization or innovation, among others (see Hamermesh, 1999) . Little is known so far about whether co-workers within a firm who are interviewed at home, behave similarly when it comes to linkage consent. Analyses based on merged firmworker surveys could be biased if there is a substantial intra-firm correlation in the response behavior. This could be the case, for example if individual survey-response is related to both firm effects and the outcome. Al Baghal et al. (2014) show that household members give similar consent decisions but, to our best knowledge, no information is available with respect to possible workplace heterogeneity.
Research Question 3 Do workers of the same establishment respond similarly to the linkage consent question when asked in a telephone interview at home?
The survey methodology literature bias primarily refers to imbalances in the distribution of observables such as age, education level or sex, between the available sample and the general population. Rubin (1976) terms this missing-at-random (MAR), and this can be formalized in the context of linkage consent as follows. We assume that X is the set of observed control variables or predictors which are available to all survey participants independent of the consent decision. Let 1 refuse be an indicator variable which takes the value one if an individual did not consent to data linkage. Let Y be additional data from social security. Y includes the outcome of interest and it is observed only for the individuals from whom linkage consent was obtained. We therefore partition Y as Y = Y consent , Y refuse . Missing data is MAR if the following equation holds. 4
Equation (1) says that the probability of missingness depends only on X and Y consent . Equation (1) is violated if missingness depends on information which is not available (Y refuse ). 5 MAR is closely linked to the concept of ignorability (see Gelman et al., 2014) . MAR is often of little concern to researchers in the field of applied sciences. This is because X is usually controlled for in multivariate analyses. Researchers in this field are therefore more concerned with missing-not-at-random (MNAR) or with missingness which depends on unobservable heterogeneity which violates Equation (1). To give an example for which MAR does not hold, let us suppose that we are interested in measuring the wage effects of attending a job-related training course (see Section 6.2). Let us assume that individuals with higher earnings are less likely to provide linkage consent but more willing to participate in training. If training is associated with earnings, our data is not MAR anymore. In this case, we would estimate biased results for the wage returns to training if we restrict our analyses solely to the individuals who provided linkage consent ("non-consent bias"). Statistical techniques to deal with MNAR data are among others the Heckman selection approach (Heckman, 1979) or pattern-mixture models (Little, 1993) .
We investigate whether the MAR assumption is justified in two economic applications in Section 6. To check the MAR assumption, we compare estimated regression results from two samples, individuals who provided or denied linkage consent. This is, however, not a full proof. Misspecification could give constant regression coefficients even in the presence of MNAR. Nonetheless, if we find similar results between both samples, it indicates that MNAR is at least not a severe issue for these applications.
Research Question 4 Do we find non-consent bias in economic models? Is missing information due to linkage consent "missing-at-random"?
Several studies carried out in different contexts have analyzed whether non-response and/or attrition in panel contexts is ignorable. Fitzgerald et al. (1998); MaCurdy et al. (1998) for example, have considered earnings regressions and van den Berg et al. (2006) , unemployment durations. These studies generally find that non-response bias is rather small in magnitude. However, not all researchers agree with this view. In a recent working paper for example, Heffetz and Reeves (2016) found that official government statistics in the US, including the unemployment rate and labor force participation, depend on the ease or difficulty of contacting a respondent. To the best of our knowledge, no such evidence is available with respect to linkage consent.
Data
We compare two longitudinal, linked employer-employee datasets which have a similar structure. The first dataset is called WeLL (Berufliche Weiterbildung als Bestandteil Lebenslangen Lernens, which might be translated as "further training as a part of lifelong learning", see Huber and Schmucker, 2012) . The second dataset is the Linked Personnel Panel (LPP, see Bellmann et al., 2015) . The data contained in both of these datasets has been collected by the Research Data Centre of the Federal Employment Agency at the Institute for Employment Research, in cooperation with the polling institute infas. Table 2 shows basic information for both datasets.
WeLL is a four-wave panel which was conducted annually between 2007 and 2010. LPP is (currently) a two-wave panel, which was run in 2012 and 2014. Both surveys began with a firm survey (the relevant business units were establishments). 6 For this study, establishments were drawn from the IAB Establishment Panel (an annual employer survey, see Kölling, 2000 , for more information) in 2005 (WeLL) and 2011 (LPP). Only establishments with at least 50 employees subject to social security contributions were eligible. For WeLL, the effective minimum number of employees is 100 and there is an upper limit of 2,000 employees. In a second step, outlined in detail in Sections A.3 and A.4, employees who work in these establishments were invited to participate in the employee survey.
In both datasets, survey data was merged with German social security records. These records contain employers' reports about all employees who are subject to social security contributions.
These reports are relevant for health insurance, the statutory pension scheme and unemployment benefits (Dorner et al., 2010) . The reports include information about individuals' daily wages, periods of employment, citizenship, educational attainments and occupation. This information is combined with data from the Federal Employment Agency concerning social security benefits and periods of unemployment. At the end of the interview, individuals were asked whether they would agree to their data being linked to "other data [...] available at the Institute for Employment Research in Nuremberg", as outlined below. Only information on individuals who agreed to their survey data being linked with social security records was available to researchers using both survey data and administrative records (what we call the consent sample). 7
In the following we will describe both employee surveys. These surveys are publicly available to the scientific community. Establishment information is available for those respondents who consented to their data being linked to the IAB Establishment Panel (and through the employer survey in the case of LPP). For WeLL we have further information relevant for the stratification of all respondents (see Section A.3). Since other establishment information is not available for the non-consent sample, we limit the following description to the employee survey.
The WeLL dataset focuses on job-related training and consists of data relating to 149 establishments and approximately 7,900 individual survey respondents. The LPP dataset focuses on human resources and management practices, job quality and corporate culture. In terms of its hierarchical structure, this dataset is very similar to WeLL, but it differs with regard to the ratio of workers to establishments. The number of establishments is more than six times that in WeLL (980 establishments), while the number of employees is approximately 50% higher than in WeLL (7,508 in the first wave plus 3,987 new employees in the second wave). The number of survey participants per establishment is therefore considerably lower in LPP than in WeLL (the median number of first-time survey participants per establishment in the final dataset is 25 in WeLL and 8 in LPP).
Both datasets sample full-time, part-time or marginally employed workers excluding apprentices and workers in partial retirement. We also exclude individuals for whom information on key variables such as education level, working hours or nationality is missing. We thereby restrict the sample to individuals who are still employed by the establishment (at least prior to the most recent interview). This leaves us with 11,385 first-time respondents in LPP and 5,753 first-time respondents in WeLL. We focus on first-time survey participants to investigate the initial linkage decision (with the exception of Section 6.1). We do this for two reasons. Firstly, considering multiple interviews per survey participant would mix results for linkage consent and panel non-response. Secondly, some individuals revised their consent decision -but only in one direction. Once individuals had agreed to record linkage, they were not consulted about linkage consent again in subsequent waves of the survey. It was only participants who did not give initial consent who were again asked at a later interview. As a consequence, there are no individuals who withdrew their consent. There are, however, a number of survey participants who initially declined to give consent, but who later changed their minds (almost half of respondents who initially refused to provide linkage consent are included in our final WeLL sample). By restricting the (main) analyses to first-time participants we take this asymmetry resulting from the interview design into account. If we do not exclude panel participants, the results are generally similar. In Section 6.1 for example, we consider panel respondents in a replication of a study using WeLL.
Age is available in only four categories in WeLL. In contrast, LPP contains this information by year. In order to make the analyses between both datasets comparable we define similar age categories in LPP. Table 3 shows descriptive statistics for all binary variables in LPP and WeLL. 8 Average consent rates amongst the first-time survey participants in our sample are 82% (LPP) and 94% (WeLL). The fact that the consent rates are above 80% means that they are relatively high compared to those of other datasets (linkage consent rates vary between 24% and 89% in the non-exhaustive review in Sakshaug and Kreuter, 2012) . Besides higher average consent rates, we find for WeLL also a greater willingness to participate in future waves and lower item-non-response (for the question about net income). Compared to WeLL, the LPP-data is on average older, and there are fewer female respondents. While 80% of the participants in the WeLL survey state that they are in good or very good health, this is true for only 60% of the LPP-respondents (the age structure is probably an important reason for this difference). In WeLL, we find both more loweducated and highly educated workers (without a vocational qualification and with a tertiary degree respectively) but fewer workers with a vocational qualification.
Detailed information on WeLL and LPP is given in the Appendix A.3 and A.4.
Predictors of Linkage Consent and Establishment Heterogeneity 5.1 Predictors of Linkage Consent
In Research Question 1 we look at possible predictors of linkage consent in LPP and WeLL. We will begin by comparing a selected set of variables which are available in both datasets. The variables used were chosen on the basis of information provided in the existing literature on non-response and linkage consent. 9 The selected variables include socio-demographic and job characteristics as well as personality traits, self-reported health and work satisfaction. 10 The results are provided in Columns 3 and 4 of Table 4 . To ease interpretation, non-binary variables, such as a proxy for labor attachment and the item regarding work satisfaction, are standardized by subtracting the mean and dividing by the standard deviation.
We estimate a random effects logit model including establishment random effects. This model allows us to capture possible intra-firm correlation in the linkage consent decision. Previous studies have considered the role of interviewers and/or households (Al Baghal et al., 2014) . There is no information available, however, indicating whether employees who work for the same establishment tend to reach a similar decision with regard to linkage consent in a telephone interview in which they participate from home.
We model the linkage consent decision of individual i in the respondent's first interview. X includes varying sets of predictors such as wave-specific consent rates, socio-demographic or job characteristics, as listed in Table 4 . α are random effects for the establishment in which a worker is employed (we assume α ∼ N (0, σ 2 α )). We will start by discussing the role of certain observable predictors (X). At the end of the section we will also briefly describe the role of establishment heterogeneity.
Our findings demonstrate that linkage consent is strongly related to age. Older employees are more likely to consent to data linkage than their younger counterparts. This tendency is particularly noticeable in the LPP-data. Amongst the variables included in Columns 3 and 4 in Table 4 , it is by far the age variable, or more specifically, being over 55, which is the most important predictor of consent linkage (according to the size of the coefficient). The size of the coefficient is comparable across both surveys. The results gained for each of the surveys, however, diverge in terms of whether respondents aged between 35 and 45 were more or less likely to give consent than younger adults. 11 See below for a discussion of possible reasons for these findings regarding age and possible cohort effects.
Next, we come to respondents' level of formal education. Existing studies show inconsistent results regarding the role of (higher) education when it comes to linkage consent (see Table 1 ). Comparison of the two surveys considered within this study has revealed lower consent rates amongst individuals who have completed tertiary education in the LPP-data. This is not the case in WeLL (however, according to a Z-test, p=0.18 this difference is not statistically significant). In previous research which we carried out for WeLL (Warnke, 2015), more highly educated survey participants exhibited significantly lower linkage consent rates than less highly educated respondents. The discrepancy with our previous results might be explained by the fact that the samples used in the respective studies were selected according to different selection criteria and a different variable selection. In this study, we have focused exclusively on employed individuals in their first interview and have also included an indicator for white-collar workers. 12 We now turn our attention to the jobs which are typically performed by more highly educated workers. Interestingly, we find much lower consent rates in both surveys for workers employed in white-collar jobs. Such positions generally presuppose that workers hold a tertiary degree: 95% of respondents holding a tertiary degree are employed as white-collar workers. In contrast, 'merely' 57% of those who do not hold a tertiary degree are employed in such a position. This may indicate a tendency towards increased reluctance to share data amongst the more highly educated workforce. This in turn may be explained by the greater concerns which more highly educated individuals generally have with regard to data privacy (Sheehan, 2002) .
Next, we look at further socio-demographic characteristic considered in this study. We see virtually no differences between the consent rates of men and women throughout the entire sample. In addition, with regard to the household context, few predictors have been found to be significant. Neither marital status, nor whether the respondent has children has been found to be a significant predictor of linkage consent behavior. For this reason, we do not include them in the main specifications presented here. 13 Respondents living alone represent an exception to this rule; these individuals are considerably less likely to consent to data linkage.
With regard to job characteristics, we identify higher consent rates for individuals performing shift work in both surveys (this tendency is significant in LPP only). In addition, there are significant differences in the consent decision made by workers with and without personnel responsibilities in WeLL. Whilst approximately 29% of workers in both surveys have managerial responsibilities, such individuals included in LPP do not show higher consent rates (significant with p=0.06 according to a Z-test). Having said that, this finding might be a statistical artefact arising due to multicollinearity. The lasso approach, as described in the Appendix, suggests a much lower coefficient for WeLL.
We now consider the so-called Big Five personality traits and the more subjective items con-cerning job insecurity and work satisfaction. Sala et al. (2012) identified no link between the Big Five personality traits and linkage consent for the United Kingdom. Looking at the LPPdata, we come to a similar conclusion with regard to Germany. According to an F-test (p=0.83), all Big Five personality traits are jointly insignificant in this sample. If we consider the WeLL data, we do find that coefficients are in general of a larger magnitude. There is a significantly positive correlation between conscientiousness and linkage consent. The opposite is true of extraversion. The coefficients for conscientiousness differ significantly between both surveys (p=0.02, Column 3 and 4). Both surveys use the same Big Five items and we accordingly find very similar relationships between personality traits and tertiary education, for example. 14 Nonetheless, different conclusions can clearly be drawn with respect to personality traits when considering WeLL as opposed to LPP. 15
If we add further controls which are not available in both surveys, findings generally remain quite similar. Such variables include risk and trust for LPP (Column 5) and establishment characteristics, voluntary work and a proxy for labor attachment for WeLL (column 6). Few of the predictors discussed above are altered to any meaningful extent when further controls are added. We also added indicators of individuals' willingness to participate in future waves of the survey and an indicator of whether information about net income was available or not. We see that the provision of linkage consent is closely associated with item non-response with regard to net income and individuals' readiness to take part in a future survey with similar magnitude across both datasets. 16 29.1% of the individuals who did not consent to data linkage also did not provide information about household net income in LPP, but we wage information is missing for only 9.3% of the individuals in the consent sample. In terms of rates of linkage consent provision, there are no large differences between individuals who refuse to state their net income and those who do not know it. We therefore considered such individuals in a single group. 17
After controlling for risk aversion and trust, the confusion surrounding the role of personality traits and other psychological attributes for linkage consent increases. Both variables are significantly related to linkage consent with higher rates of consent seen amongst more risk-friendly and confident individuals. In LPP, we found that conscientiousness had a significantly negative correlation with linkage consent. After including the further controls mentioned above, it seems 14 Workers who hold a tertiary degree tend to have a conscientiousness score which is 2.2 (1.8) standard deviations higher than those with no vocational education in LPP (WeLL). 15 Again, results are similar if we use only the Big Five personality traits without including any further controls as predictors. 16 Jenkins et al. (2006) have found that item non-response is related to rates of consent linkage where the item concerns permission to contact the respondent's current employer. No relation is found however, if the item concerns permission to request the respondent's national insurance number or permission to access administrative tax and benefits records. 17 Information regarding the reasons for item non-response is only available for LPP.
that individuals who score more highly with regard to openness to new experiences, are more likely to consent to data linkage. These changes can be explained by the association between personality traits and risk aversion and trust. 18 We find the coefficients of both personality traits to be significantly different to our findings in WeLL (where the inclusion of further variables leads to very similar conclusions as before). In addition, the association between work satisfaction and the provision of linkage consent remains elusive. While more satisfied individuals are significantly more likely to provide consent for data linkage in LPP, we find a negative, albeit insignificant correlation in WeLL. 19
Explanations for Inconsistencies Regarding Predictors of Linkage Consent
With regard to the reasons for the diverging results regarding predictors of linkage consent (Research Question 2), we have so far seen that results for socio-demographic variables are quite consistent and that they remain largely unaffected by the inclusion of a different set of controls. This is also true if we add further variables such as job tasks or household information. Psychological attributes and more subjective items such as work satisfaction are relevant for linkage consent. The interpretation of these predictors seems to depend on the inclusion of similar controls and we find here different results between both surveys.
In the WeLL-data (last column in Table 4 ), we find that individuals working in East Germany tend to agree much more often to their data being linked to social security information than individuals working in West Germany. The magnitude of this relationship is large and is comparable to the age gradient in linkage consent seen in individuals aged above 55 or below 35. A similar association has been found by Antoni (2011) and Korbmacher et al. (2013) . If we assume that many of the workers concerned grew up in East Germany, this finding seems at first to be somewhat counterintuitive. 20 In the former German Democratic Republic (GDR), everyday life was subject to active surveillance, which we might justifiably presume would lead to heightened privacy concerns amongst the East German population. Furthermore, it is also known that the East German population generally exhibits lower levels of trust (Rainer and Siedler, 2009 ), a predictor which is positively related to linkage consent, as seen for the LPPdata. We do not have a trust measure in WeLL but we might expect to find on average lower consent rates in East than in West Germany as a result of the omission of this variable. However, opposing arguments can also be made. In the 1980s for example, there was an intense debate about privacy concerns in West Germany which lead to fierce opposition to the census carried out in 1987. Such experiences may have changed attitudes towards privacy in West Germany. Future research may look at the role of, on the one hand, trust or cohort experiences and, on the other hand, linkage consent.
If attitudes have changed over time due to experiences such as growing up in the GDR, this could mean that our age gradient in fact reflects cohort effects. The short time span of the two surveys means that we are unable to distinguish between age and cohort effects (and possible additional period trends). There are, however, no differences in the age-consent pattern between workers employed in establishments in East and West Germany in WeLL (according to a F-Test, p=0.24, see also Table 5 ). This could indicate that in Germany at least, reluctance to consent to data linkage to social security records declines as age increases. Such a finding has indeed been outlined at the beginning of this section. Considering the findings of earlier social science studies, this pattern is somewhat surprising. 21
If we now turn our attention to differences in linkage consent rates between the first and subsequent waves of the survey, we find that individuals in the first wave more often consent to data linkage. The tendency toward lower rates of consent in later waves of the survey is particularly noticeable in WeLL where the survey wave is in fact the most important predictor of linkage consent (with the exception of item non-response and willingness to participate in future waves of the survey). One possible explanation for this finding is that more respondents participate in subsequent waves of the survey who had been initially reluctant to take part. These individuals are presumably also less willing to give their consent for data linkage (see also Heffetz and Reeves, 2016) . This pattern should be more pronounced in WeLL than in LPP. In WeLL, there are on average fewer workers per establishment who had not been contacted, or who had not responded in the first wave of the survey. It might also be the case that the wave-specific consent rate in WeLL has been overestimated due to multicollinearity and small sample sizes. In the Appendix, we provide a regularized lasso approach which is better suited to multicollinearity (Tibshirani, 1996) . This method suggests much weaker differences between the first and subsequent waves (but similar magnitudes for other predictors such as age and item non-response).
Our analyses indicate that both psychological attributes and job characteristics play an important role in an individual's decision whether or not to grant permission for data linkage. Psychological attributes include personality traits, the degree of risk aversion, trust and subjective measures such as work satisfaction or expectations regarding future labor market activity (or labor attachment). Job characteristics included in this study include white-collar occupations, managerial responsibilities, shift work or certain job tasks. Our study suggests that the role of environmental indicators, such as our indicator for East or West Germany, should be the object of greater research. This is a potential source of the inconsistencies seen in the literature. In the WeLL for example, we find that female respondents employed in East Germany are significantly more likely than their male colleagues to grant consent for data linkage. No such difference relating to gender is identified in Western Germany. 22 Similar results are found for shift work which strongly correlates with the provision of linkage consent in establishments in East Germany only. These results reflect what we have found in the LPP data.
Information on Establishment Heterogeneity
We next consider possible establishment heterogeneity (Research Question 3). We thereby wish to investigate whether respondents employed by a particular firm reach a similar decision regarding data linkage consent when asked in a telephone interview. If the work environment plays a role for the individual linkage consent decision in a telephone interview at home, this could matter for the analyses of linked employer-employee data. Suppose, for example, that workers who fear they might lose their jobs do not provide linkage consent in private firms but are more inclined to give linkage consent when working in the public sector (or in other firms with stronger job protection). This could bias studies analyzing public sector motivation, for example. Furthermore, it could possibly also help to explain the inconsistencies regarding predictors of linkage consent found in the literature.
Establishment heterogeneity can be assessed by the variance of the establishment random effects terms (Table 4 , Row σ 2 α ). Aggregated consent rates between establishments vary much more than we would expect given pure random variation (taking into account the fact that sample sizes differ) as shown in columns 1 / 2. The variance of the establishment random effects is comparable between WeLL 100·Var(σ 2 Firm ) = 2.74 and LPP 100·Var(σ 2 Firm ) = 4.32 . According to a (conservative) likelihood-ratio test this heterogeneity is significant for both datasets. 23 .
Establishment heterogeneity can also be evaluated via a simple Monte-Carlo simulation (see the Appendix A.2). Here, we model the distribution of (aggregated) mean consent rates by establishment. This distribution is clearly non-normal for two reasons. First, the number of respondents per establishment varies widely (in particular in the LPP data). Second, average consent rates are by construction limited to [0, 1]. In the Monte-Carlo simulation, we assume that in the absence of intra-establishment correlations with respect to linkage consent, average consent rates represent series of Bernoulli trials. In Figure 1 , we compare the empirically 22 Results are based on a regression including the same set of controls as those listed in Columns 3 and 4 in observed distribution to 10,000 simulated draws.
If we include individual-level controls (Column 3/4 in Table 4 ), we see that the variance of the establishment random effects is reduced by half in LPP and is close to zero in WeLL. This indicates that there is some amount of establishment heterogeneity which can be primarily explained by differences in observable characteristics between the respondents employed by different firms.
For WeLL we find that an indicator for East Germany can alone explain most of the establishment heterogeneity. 24 We therefore run two separate logit regressions for East and West Germany (without random effects). This allows us to investigate whether predictors of linkage consent are consistent between East and West Germany. The results are shown in Table  5 . Interestingly, we often find quite different results for workers employed in East German establishments compared to respondents who work in West Germany. We find significant discrepancies between female respondents working in establishments located in East and in West Germany (p-value 0.08). 25 It is only female workers in establishments in East Germany who exhibit higher consent rates than their male colleagues. We also find that the positive association between shift work and linkage consent is driven entirely by the consent behaviors of respondents employed in establishments located in East Germany. 26 Furthermore, there are other notable differences, for example, regarding part-time (which is negatively associated with linkage consent only in East Germany) or for less-educated workers (who tend to provide more consent in East Germany but somewhat less in West Germany). These differences are, however, not significant according to conventional levels (p-value 0.17 for part-time and p-value 0.18 for low educated).
Bias in Economic Models
In this final section we wish to shed light on possible unobservable heterogeneity between survey participants who consent to data linkage and those who do not (Research Question 4).
In order to assess whether non-consent can be viewed as missing-at-random (MAR), we look at two economic models. The first application concerns participation in job-related training while the second looks at the wage effects of human capital investments. We test the MAR assumption by comparing regression results for the sample of respondents who gave linkage consent with those who did not provide linkage consent. If, on the one hand, both groups differ 24 Due to data anonymization, we do not have information relating to region in LPP and therefore cannot say whether this is also the case in this sample. 25 The p-value is calculated by running a joint regression in which we interacted all variables with an indicator for working in an East German establishment. 26 The interaction term for shift work and East Germany is significant (p-value 0.06).
in unobserved variables which are correlated with both other predictors and the outcome of interest, this will generally give inconsistent regression coefficients. This would be a strong indication that missingness due to linkage consent is not-missing-at-random (MNAR). On the other hand, if regression coefficients are stable across groups, it is reassuring that MNAR plays only a limited role for these applications. It should still be noted that misspecification or other issues could give stable coefficients even if linkage consent is MNAR. 27
Replication of Steffes and Warnke (2016)
The first analysis is a replication of our own previous work in Steffes and Warnke (2016) . In that paper, we analyzed workers' participation in training using a matched employer-employee dataset. We explained to what extent training rates differ between workers within the same firm and between workers employed in different firms. For this purpose, we made use of the WeLL-ADIAB-data (Schmucker et al., 2014) . WeLL-ADIAB links the WeLL survey data to social security data. 28 This dataset includes for example, full employment biographies (subject to social insurance contributions). It includes information about wages, periods of unemployment and levels of education. We used the social security data to measure, in particular, firms' rates of wage compression. This is an important variable discussed in the theoretical training literature.
In WeLL-ADIAB, survey data is available online only for those respondents who consented to data linkage. For the following replication, we use the WeLL survey data and re-run our original analyses based on WeLL-ADIAB for this sample. Further details are available in the Appendix A.6. As in our earlier study, we do not restrict the analysis in this study to first-time interview respondents, but instead also include panel participants. In order to analyze variation in training rates between workers and firms in Steffes and Warnke (2016) , we ran a two-way random effects logit model estimated via maximum-likelihood in Equation (3). We thereby used the panel dimension of the WeLL-data to separate firm and worker heterogeneity. The original estimation equation reads as follows:
Here, T t capture time effects, θ i are random-effects for worker i, α j(i) are random effects for the establishment j where worker i is employed at time t. 29 This allowed us to analyze the (relative) importance of firms and workers in determining the individual's participation in training. By gradually adding worker, firm and job characteristics as predictors (X it ), we then explained 27 We also carefully look at the variance explained for different groups, as shown to be important to check coefficient stability (Oster, forthcoming) . 28 Social security records are available for all employees of the establishments participating in WeLL. 29 α j(i) ∼ N (0, σ 2 α ) and θ i ∼ N (0, σ 2 θ ) are assumed to be mutually independent, and independent of T t and X it . these differences in participation in training.
For the purpose of replication, we pool survey information respondents for whom consent for data linkage was obtained with the sample of respondents who did not provide consent. We control for age (four categories), sex, level of education and citizenship of the given worker, as well as for the respondent's relationship status and whether he or she has recently experienced a period of unemployment. We control for the subjective health status of the respondent and for the probability that he or she will be active in the labor force in one year's time, as assessed by the respondents themselves (a proxy for labor attachment). We estimate here the following equation:
Equation (4) extents Equation (3) by adding the indicator "1 Linkage Refusal i " which takes the value of one if an individual has not provided consent. γ i is a (fixed) constant which represents the relative intercept of the group of respondents who do not give consent compared to the consent sample. θ 2 i and α 2 j(i) are random coefficients for the non-consent sample. We are interested in γ, θ 2 i , α 2 j(i) and the interaction terms of linkage refusal with X it . These parameters show us differences in participation in training between the sample of individuals who provided linkage consent and those who did not. 30 For computational reasons, we assume that the covariances between the random effects and random coefficients are all zero. 31 The results are presented in Table 6 . We start with the findings for the respondents who provided linkage consent. As in Steffes and Warnke (2016) , we find a strong association between training on the one hand, and age or education on the other hand. 32 Individuals with higher labor attachment and those with better health participate more in training and the opposite is true for workers with a migration background or who have experienced unemployment. We have shown that many of these associations disappear after controlling for job tasks performed at work.
In the following, we look at training patterns for the non-consent sample. Column 1 in Table  6 shows that individuals who did not provide linkage consent participate on average less in training. The (unconditional) average training rate is 46.2% among respondents who provided linkage consent and 45.3% for the sample of individuals who did not. The training gap of 0.9pp is rather small and becomes insignificant after including further variables (Column 2). 30 Results are similar if we additionally interact T t and 1 Linkage Refusal i . 31 We further assume that random effects and random coefficients are independent of X it . 32 In Steffes and Warnke (2016), we used age and age squared. This showed a large negative but insignificant squared age term. Age is only available in four categories in the survey data.
For the other variables, we see that results are in general close to the previous results with two exceptions. Age above 55 and health status show a significant negative interaction term. 33 Older and less healthy workers participate less in training, in particular among the respondents who did not provide linkage consent. This indicates that, by focusing on the consent sample, we might have underestimated the already negative association between poor health and age on the one hand, and participation in training on the other hand. The association with predictors such as sex or level of education remains unchanged between the previous and current study.
Next, we look at the random effects and random coefficients. We test whether the inclusion of the random coefficients for the individuals who did not give linkage consent significantly improves our model using a likelihood-ratio test. The likelihood ratio statistic is marginally significant for the model including time effects only (Column 1, p-value 0.12) and significant at conventional levels for the model such as worker characteristics (Column 2, p-value 0.04). How large are these differences? To ease interpretation, we have presented variance components from separate regressions in Table 7 . This table shows in (1) the original results from Steffes and Warnke (2016) , in (2) results for the respondents who gave consent and (3) for the non-consent sample. 34 We see that the variance components are indeed slightly lower among respondents who did not give consent. Two points should be noted. First, linkage refusal is highly correlated with panel attrition (Table 4) . Second, almost one-third (29.3%) of individuals who initially declined to provide linkage consent later reconsidered their decision and subsequently provided consent (and appear in the consent sample). 35 This implies that fewer respondents with linkage consent are observed at multiple periods, almost two-thirds of the individuals in the non-consent sample are observed for only one period compared to less than one-third of the consent sample. As a consquence, the estimation of random effects becomes less precise (similar to attenuation bias in the presence of classical measurement error).
One of the contributions of Steffes and Warnke (2016) to the training literature is a detailed variance decomposition based on the random-effects. Thereby, we show that firm heterogeneity plays only a minor role for workers' participation in training after taking into account differences in firm, worker and job characteristics. This result, among others, seems to be unaffected by the omission of respondents who never gave linkage consent. Even if we partition the variance components based on the non-consent sample only, this does not affect our interpretation of training differences between and within firms. This result is reassuring and indicates that unobserved heterogeneity associated with linkage consent is not (very) relevant for participation in job-related training. There is little evidence for missingness-not-at-random (see Research Question 4) in this context. 33 The health status is standardized with lower values meaning better health. 34 In Appendix A.6 we discuss why the analysis based on the survey data only does yield slightly different results compared to the original study. 35 Results are similar if we restrict the analyses to individuals who never gave consent.
Earnings Regression
Various (augmented) forms of the Mincer earnings function have been estimated in microeconomics with the aim of estimating returns to schooling (Mincer, 1958) . This model relates the logarithm of earnings on measures of the educational level, work experience and experience squared and other variables which often serve as controls for observable heterogeneity between educational groups. In the following we will estimate a standard Mincer earnings function using the LPP for which gross earnings are available for both the linkage consent sample and for hold-outs. 36 As in Section 5, we will again focus on first-time participants only. We thereby avoid confusing inconsistencies due to linkage consent with possible panel attrition bias. We estimate a Mincer earnings function in which we interact all variables with an indicator for data linkage consent. This amounts to separate estimation on the two subsamples defined by the linkage consent indicator. These predictors include age and age squared (so-called potential experience) as well as indicators for individuals without a vocational qualification and with a tertiary degree, individuals without German citizenship, those with subjectively estimated good health or those withholding linkage consent. We add a further variable measuring participation in training in the last ca. 12 months prior to the interview, which is a common measure of returns on training (e.g. Bassanini et al., 2005) . We consider this measure to be of particular interest because, as detailed in Section 6.1, respondents who never consent to data linkage tend to participate less in training. We are therefore particularly interested to find out whether this might have an effect on the association between training and wages.
y is the logarithm of hourly gross wages and X includes the list of variables described above.
As in the previous section, 1 Linkage Refusal i is an indicator function for linkage consent refusal. We cluster standard errors on the individual level. Table 8 shows the results for the wage regression. The results are very much in line with those seen in the literature and indicate that education is rewarded in the labor market, that wages increase with age (with a negative squared term) and that women tend to earn less than men on an hourly basis. There is a slight wages penalty for individuals holding non-German citizenship, whilst individuals in good health earn more than their counterparts who report having health issues. Individuals who participate in training earn considerably more than individuals who do not (approximately two-thirds of the gender wage gap). This should not be interpreted as a causal link. Individuals who participate in training could earn more even if they did not attend training due to favorable unobserved attributes. 37 We next compare the results for respondents who gave linkage consent to the results for respondents who did not. In Table 8 this is expressed by the interaction effect. The results are generally reassuring for the MAR assumption (Equation (1)). Only one of the ten interaction terms is statistically significant. The majority of terms are small in magnitude. We find that individuals who refused consent earn somewhat lower wages, but the difference is not significant. Similarly, the general decrease in wages amongst less highly educated individuals is less marked amongst the non-consent sample than it is amongst respondents who did consent. The only significant differences concern participation in training, where we find that the wage difference between those who do participate in training and those who do not is higher among individuals who refuse to give linkage consent. The difference is 16.2% in the sample of respondents who did give consent, but 20.9% in the sample of respondents who did not. 38
Conclusions
Survey data is increasingly being merged with administrative records. Due to survey data privacy laws, polling institutes must obtain explicit consent from individuals in order to link such data. However, not all individuals agree to their survey data being linked to such administrative records however, thereby giving rise to a new form of non-response. A growing body of literature has investigated predictors of linkage consent in order to ascertain whether surveys which are linked with administrative records can nonetheless be considered representative of the relevant general population. Previous studies in this field have thus far provided inconsistent results, in regard even to standard socio-demographic characteristics such as respondents' age or sex.
In this study, we have looked at two comparable German surveys, the data from which has been linked to social security data. Using these datasets, we have provided new insights about the characteristics of those individuals who tend to decide against allowing their data to be linked to social security data. Furthermore, we discuss the implications of these findings for survey practitioners and researchers.
We first shed new light on the relevance of possible reasons for the inconsistencies found in the existing literature. We have compared linkage consent patterns in a multivariate regression in both datasets using the same set of control variables. We have thereby shown that common predictors such as age, sex or non-German citizenship have comparable associations with link-age consent across the two datasets. The existing literature has suggested that linkage consent is closely related to panel attrition and item non-response, a pattern which we can confirm for both datasets. In addition, we have illustrated that an individual's decision to consent (or not consent) to data linkage is associated with other psychological items such as trust or risk aversion.
There are, however, some diverging results. This concerns formal education and, in particular, the Big-Five personality traits and levels of work satisfaction. Conscientiousness for example shows either no correlation or a negative correlation with linkage consent in LPP, while there is a statistically significant positive correlation between the provision of linkage consent and conscientiousness in WeLL. In contrast, work satisfaction positively correlates with the provision of linkage consent in LPP, whilst it shows a negative correlation with consent in WeLL.
We have also found that including further predictors does not help to explain diverging findings regarding respondents' level of education, personality traits or an individual's level of work satisfaction. Taking further variables, which are not necessarily available in both datasets and which capture other psychological attributes or firm characteristics, into account does not alter our findings. The vast majority of correlations found remain unchanged when these further variables are included.
We have shown that the work environment plays only a minor role for the individual decision to provide linkage consent. Yet, there are large (average) differences in consent rates between respondents working in East and West Germany. Consent rates are higher amongst those employed in firms located in East Germany. This association cannot be explained by cohort differences and indicates that the role of shared experience may be important. We then have compared the linkage consent patterns identified for respondents in establishments in East and West Germany. Whilst female respondents employed in firms in East Germany are significantly more likely to consent to data linkage than their male colleagues, such a difference is not seen between male and female respondents employed in West German firms. We do find, however, that other results are generally comparable between East and West Germany. These findings indicate that differences between the populations surveyed may have contributed to inconsistencies with respect to predictors of linkage consent in the literature.
Our study is the first to analyze and compare the impact of linkage consent in two empirical models. Firstly, we have replicated one of our own previous studies in which we made use of the WeLL survey data linked with social security data. Accordingly, it was not possible to consider individuals who did not give linkage consent in this analysis. In respect to job-related training at least, there are few differences between the sample of individuals who consent to their survey data being linked to social security data, and those who do not give such consent. For this reason, we were able to confirm our previous findings on the sample of respondents who did not give consent to data linkage. Secondly, we have considered the results from a well-known empirical model which measures the wage returns to human capital investments (schooling as well as job-related training). We find that wage differences between individuals who do participate in training and those who do not participate in training is larger among the sample of respondents who fail to provide linkage consent than for respondents from whom linkage consent was obtained. All other results differ very little by consent.
We therefore conclude with a promising view about linkage non-consent. The role of unobserved heterogeneity between respondents who gave linkage consent and respondents who did not seems to be rather small in the applications we have analyzed. Future research should address the role of psychological attributes in determining an individual's decision for or against linkage consent in more detail. Note: See also Antoni (2011) for an excellent related overview. Here, "+" refers to statistically significant positive associations, "0" insignificant and "-" to significant negative associations. We do not illustrate age effects for Korbmacher et al. (2013) because the SHARE data covers only individuals aged 50 and older.
A.1 Tables
(1): Antoni (2011), 
A.2 Figures
In Chapter 5 we have shown that consent rates are partly driven by establishment heterogeneity (if no further controls are added). Another way to illustrate how consent rates differ across establishments is a simple Monte-Carlo experiment. Here we assume that establishment-wide average consent rates are a result of a series of Bernoulli trials. We model the distribution of the expect average consent ratep j for each of the 149 establishments in WeLL (j = 1, ..., 149):
Here p = 89.7% corresponds to the grand mean of consent rates for first-time respondents, and n j equals the number of first-time respondents per establishment j. The result of 10,000 draws of the simulation are depicted in Figure 1 . Figure 1 shows a kernel density plot of the average (aggregated) consent rate by establishment. The graph demonstrates that actual consent rates indeed seem to differ from what we would expect, as is apparent from the lower number of establishments with a consent rate around the grand average. The very different worker to establishment ratio in the LPP-data leads to a distinct shape of the simulation profile, but notable deviations from what we would expect due to random noise for probabilities close to zero and one.
A.3 Detailed Description of Sampling in WeLL
The sampling procedure in WeLL has been described in Bender et al. (2008) and Knerr et al. (2009) . The population consists of 149 establishments located in five different German states (three states in West Germany and two states in East Germany) which were sampled in a stratified way from the IAB Establishment Panel. 39 These establishments were active in either the service sector or in the manufacturing sector and had between 100 and 2000 employees. The strata were defined on the basis of size (three categories with 200 -500 employees being the middle category), sector (manufacturing or service sector) and location (East or West Germany).
In addition, establishments were sampled according to their willingness to make investments and whether they indicated training provision. A survey of the establishments has been conducted but this has not been made available to researchers.
consented to data linkage. This consent rate is extremely high compared to those reported in the literature (see Section 2). Furthermore, 92% of respondents agreed to participate in future waves of the survey. 41 While the second and the third waves of the survey made use of both panel participants and new respondents, the fourth wave was limited to panel respondents only. Individuals who joined a WeLL establishment in 2008 for the second wave (2009 for the third wave) were eligible as new respondents. This also includes apprentices who had become regular employees in the respective year. The second (third or fourth) wave was conducted in autumn 2008 (2009 or 2010, respectively) .
In WeLL, basic establishment information which is relevant for the stratification has been made public for all respondents. This includes firm-size (100-199 employees, 200-499 and 500-1,999), sector (manufacturing or service), location (East or West Germany), whether the establishment provides further training (yes/no) and the establishment's willingness to make investments (yes/no). Further establishment variables are available for the consent sample through the link to the IAB Establishment Panel. The employer survey has not been made public.
A.4 Detailed Description of Sampling in LPP
LPP consists of an establishment and an individual survey. Establishments in the LPP were drawn from the IAB Establishment Panel 2011 (in the first wave). Letters of invitation to participate in the LPP establishment survey were sent to all 2,222 non-agricultural establishments with more than 50 employees. Establishments primarily owned by the state and those which operate as non-profit establishments were excluded. In total, 1,219 interviews were conducted between July and October 2012 by TNS Infratest Sozialforschung (which also organized the interviews for the IAB Establishment Panel in 2011). Further information is available in Gensicke and Tschersich (2015) .
The individual survey was conducted by infas, which also carried out surveys for the collection of data for the WeLL dataset (Schütz et al., 2014) . Individuals were drawn from 869 LPPestablishments which had expressed their willingness to participate in future waves of the survey and which employed a sufficient number of eligible individuals. The survey was conducted between December 2012 and April 2013 in the form of a CATI. The average duration of the interview was 30 minutes.
At the end of the interview, individuals were asked whether they would consent to data linkage. The question was similar to that asked in the surveys conducted for WeLL. It read as follows:
"To shorten the next interview by not asking about your full employment biographies, we would like to include excerpts of other data for the analysis. This data is available at the Institute for Employment Research in Nuremberg. This includes information about previous periods of employment. However, the inclusion of this data requires your consent. The Data Protection Act requires your consent for the purpose of linking such information to the interview data to what I would like to ask you cordially. It is absolutely certain that all data protection regulations are strictly adhered to. Your consent is of course voluntary. You can also withdraw your consent at any time. Do you agree to this additional information potentially being merged with your details from the interview". 42
LPP does not include establishment information on individuals who did not consent to their data being linked to administrative records. For the sample who did provide consent (consent sample), establishment information is available both through the link to the IAB Establishment Panel and through the employer survey.
A.5 Lasso Estimation of Linkage Consent
We conduct a robustness test in order to illustrate that the identified predictors of linkage consent are indeed important and that they should therefore be taken into account in future research. In the main specification we left out a number of variables which may in fact be important. These variables include predictors which have been used in previous studies, such as marital status (available in WeLL only) as well as variables such as job tasks used in the field of social science and available in this study for WeLL only. 43 Furthermore, we have already included a large number of variables in Table 4 . Multicollinearity can be an issue where unregularized methods are used for variable selection. Here, we want to assure that our findings are robust to using another approach which works well in the case of moderate multicollinearity.
Lasso regularization is a commonly used method in the machine learning literature and is suitable for variable selection (least absolute shrinkage and selection operator, Tibshirani, 1996) . Lasso regularisation constrains the sum of the absolute values of the estimates. It thereby sets many coefficients to exactly zero and is therefore well suited to variable selection (Friedman et al., 2001) . Many researchers prefer lasso to standard approaches such as stepwise selection models, in particular in the presence of highly correlated variables (e.g. Yuan and Lin, 2006) . 42 Individuals who agreed to participate in future waves of the survey were asked this question. The question addressed to respondents who declined to participate in future interviews was very similar. 43 Many variables regarding the family status and household context are highly correlated. Individuals who are married for example, are likely to live with another person whilst widowed individuals are often fairly old. We offer a regularized approach in order to account for multicollinearity. It is for this reason that we have so far excluded these variables.
Linkage Consent i · (β 0 + x T i β) − log(1 + e (β 0 +x T i β) ) + λ||β|| 1 . (6) Here x includes the 32 variables listed in Table 4 for WeLL and 20 other variables including marital status and household composition, 12 job tasks and future expectations regarding wage growth. We do not include any further variables for LPP, but we do check whether lasso confirms the results from the random effects logistic regression in Chapter 5. λ controls the amount of shrinkage and is estimated via 50-fold cross-validation. 44 The results are overwhelmingly in line with previous findings with only a few exceptions. In WeLL we find that the main indicators, such as willingness to participate in future interviews, item non-response, age and employment in a firm in East Germany, are of an almost identical size. Contrasting results are found for individuals with managerial responsibilities, a predictor which exhibits only a small positive correlation with linkage consent according to lasso. The negative coefficient for white-collar workers is also only half as large as that shown in Table 4 . The time effects are also much smaller and the coefficient for the third wave is even set to zero in the lasso approach. Results for LPP are fully in line with our previous findings.
For WeLL, lasso regularization suggests that alternative household situations should be included; e.g. a single household not living with a partner or being divorced rather than living alone. The negative coefficient for being divorced is, however, comparable to that found for those living alone (indeed, we find similar associations for other household situations). In addition, lasso regularization suggests that different job tasks should also be included. These include "measuring, testing, quality control" (positively associated with linkage consent), "teaching, training, educating" (positive association), "taking care, healing" (positive association), "operating, controlling machines" (positive association), "manufacturing of goods, planting" (positive association) and "repairing, renovating, restoring" (negative association). The absolute size of the coefficients in the lasso approach is between 0.16 for "measuring" and 0.05 for "repairing". If we add these variables to the specification in Table 4 column 6, we obtain similar results. Only one additional predictor, "measuring, testing, quality control", however, is significant at the 10 percentage level.
A.6 Further Details of the Replication of Steffes and Warnke (2016)
Here, we replicate our original results presented in Steffes and Warnke (2016) . We restrict the replication to specifications which use only worker characteristics available in the survey data.
As in our earlier paper, we exclude mandatory job-training courses and restrict the analyses to workers who are employed in a full-or part-time position and working at least 15 hours a week. This provides us with estimates comparable to those in Table 7 , Columns 1 and 3, in Steffes and Warnke (2016) . We excluded all individuals with missing information on key variables such as level of education or training attendance. In the earlier study we used age and age squared. In the survey data used here four age-categories are included instead.
These sample selection criteria give us a sample of 16,263 interviews and 6,731 unique respondents over four waves from whom linkage consent was obtained. Compared to the original study and for these reasons, there are approximately 29% more interviews and 16% more workers in this study. There are a number of different (related) reasons why this will provide slightly varying results. Firstly, not all variables which we used for the original data preparation are available in the survey. We cannot tell from the survey data alone, for example, whether a worker still works for a given WeLL-establishment. This information is, however, directly accessible from social security data. Moreover, in Steffes and Warnke (2016) we excluded individuals who left a given firm. Secondly, variables such as age are anonymised in the survey data (four categories) whilst the social security data provides exact information regarding the year in which respondents were born. We cannot therefore exclude individuals aged below 21 or above 64, nor use age continuously for the regression analyses as was the case in our earlier paper. Furthermore, in Steffes and Warnke (2016) we excluded individuals whose social security entries were missing or who received very low wages.
As expected, the replication of our results derived from the survey data gives us results similar to those seen in Steffes and Warnke (2016) . There are some notable differences between the intercept and the time effects which is most probably due to the inclusion of workers who leave an establishment. In order to acquire the new skills, individuals tend to participate more in training when they have recently begun a new job.
